Abstract
four levels, namely, at the head (when present), at the flag leaves, 2 nd and 3 rd leaves (mid canopy), and 126 at the lower canopy, as explained next; 127 1) For fusarium infection, only the head of the crop was assessed, since fusarium head blight symptoms 128 in wheat and barley usually only appear in the head and peduncle tissues, causing discolouration and 129 early senescence. Earlier visual symptoms consist of a characteristic purple/pink discolouration. The 130 seed from fusarium head blight affected crop is often shrunken, with a bleached appearance (Andersen, 131 1948; Goswami and Kistler, 2004; McMullen et al., 1997; Parry et al., 1995) . Impey (2012) confirmed 132 the presence of fusarium leaf lesions in Herefordshire, the leaf lesions are very unusual, and found 133 only in heavy infections.
134
The assessment of fusarium head blight considered both early and later symptoms. During the course 135 of the study the wheat and barley ears were categorized as healthy (0% infected), early infection, where 136 ears showed early symptoms with half the ears expressing late symptoms (around 50% infected), high 137 infection (around 75% infected) and full infection, where all the ears in the inoculated trays showed 138 late symptoms (around 100% infected).
139
2) For yellow rust infection, the three foliar levels were assessed for percent coverage of yellow rust 140 lesions. Infection starts with chlorosis occurring parallel to leaf veins, in a narrow 2 mm wide stripe, 141 developing into multiple yellow coloured rust pustules (De Vallavieille-Pope et al., 1995) . Average 142 disease coverage was given for all the plants in the assessment area at the three different stages. As 143 it's needed for each ground truth plot to have a singular assessment for the later analysis, the data from 144 each stage was combined and weighted appropriately according to HGCA (2008) recommendations; 145 that 80% of a wheat yield can be calculated from the top 3 leaves (Figure 2 ).
The spectral data was captured at three separate places along the crop tray at slightly different positions.
158
Captured in the form of a line array, each pixel has a spectrum and one detector per pixel across the 159 swath. In order to compile a full image, every line across a target must be captured (Gilden 160 Photonics Ltd, Glasgow, UK). When configured on a consistent moving platform, the imager 161 sweeps across an area to build up an image. Due to practical constraints of applying a consistent 162 moving platform, the spectraSENS v3.3 (Gilden Photonics Ltd, Glasgow, UK) software was adapted 163 to record a single line array, which required an additional RGB photo taken by a 5 megapixel camera 164 with a 3.85 mm f/2.8 lens at the same time of image capture, so that the scanned area could be 165 comprehended. Two laser pointers were added at each side of the hyperspectral imager to indicate the 166 area of the canopy to be scanned (Figure 3 ). The laser pointers were shut off when the spectral image 167 was captured to remove any interference. The collected scans were corrected by means of a dark 168 and a white reference (spectralon 99% white reflectance panel) providing the relative reflectance. The 169 latter was used before spectral capture, and at 10 minute intervals until scanning was completed. The 170 optimal configuration of the push broom hyperspectral imager including light sources was 171 optimised in the laboratory (Whetton et al., 2016) . A schematic illustration of the configurations can be 172 observed in Figure 3 , where two 500 watt diffused broad spectrum halogen lamps were positioned at 173 either end of the crop sample tray. Light angle was kept constant at 45°, which is suggested as the optimal 174 angle to provide the strongest response (Huadong, 2001) . The optimal configuration adopted included 175 integration time, light height, light distance, camera height, and camera angle, of 50 ms, 1.2 m, 1.2 m, 176 0.3 m and 10°, respectively (Whetton et al., 2016) . These configurations were used in the current work,
177
for crop canopy scanning that started at booting growth stage 60 on Zadok's scale and continued until 178 reaching ripening at growth stage 87. Four scans collected at four growth stages are considered in this 179 study for both wheat and barley: 1) at anthesis (GS 60), 2) at kernel development; early milk (GS 72), 180 3) at kernel development; late milk (GS 77), and 4) hard dough (GS 87) (Table 1) .
181

Data pre-processing and modelling
183
If the spectral data are too noisy there is a risk that key features of the spectrum are hidden, which 184 necessitates smoothing to remove noise. But, aggressive smoothing can also remove significant 185 features (Dasu & Johnson, 2003) , hence the need for a gentle smoothing to avoid losing of useful 186 spectral features. Furthermore, a noisy spectrum can result in poor model performance, due to noise 187 being considered a feature. Thus, the first step towards successful measurement should be to obtain a 188 good quality spectrum. This was ensured in the current work by adopting the optimal configurations 189 established in Whetton et al., (2016) . The three lines of captured spectral data from each tray at each time were averaged first, before they were linked with the visual crop assessment. The spectral range 191 outside of the 400 to 750 nm range was removed as it was noisy. The first and last 320 pixels from each 192 line scan were removed due to variation and risk of overlapping the crop to the surrounding background.
193
Both these pre-processing steps of the data are in line with Whetton et al., (2016) . The spectral data 194 was averaged to reduce the number of wavelengths (variables), which was successively followed by 195 maximum normalisation, Savitzky-Golay first derivative and smoothing (Mouazen et al., 2006) .
196
Maximum normalisation is typically used to get all data to approximately the same scale, or to get a 197 more even distribution of the variances and the average values. The maximum normalisation is a 198 normalisation that "polarizes" the spectra. The peaks of all spectra with positive values scale to +1, 199 while spectra with negative values scale to −1. Since all soil spectra in this study have positive values, 200 the peaks of these spectra scaled to +1. This scaled spectra between 0 and +1. Using the Savitzky-
201
Golay first derivative enables the computation of the first or higher-order derivatives, including a 202 smoothing factor, which determines how many adjacent variables will be used to estimate the 203 polynomial approximation used for derivatives. A second order polynomial approximation was 204 selected. A 2:2 smoothing was carried out after the first derivative to decrease noise from the measured 205 spectra. All pre-processing steps were carried out using Unscrambler 10 software (Camo Inc.; Oslo, 206 Norway).
207
Analysis of variance (ANOVA) was used to analyse two spectral indices captured at growth stage 208 72. A factorial treatment structure was incorporated to test for differences between disease type 209 (healthy, fusarium, yellow rust), water treatment (watered, water-stressed) and crop type (barley, 210 wheat). In addition, a contrast was used to test for differences between healthy and diseased trays and 211 between the different diseases. Analysis of the index SD was done on a log scale, whilst analysis of
212
SQdiff was done on a sqrt scale to ensure homoscedascity of variance. GenStat 18 th Edition (© VSN
213
International Ltd, Hemel Hempstead, UK) was used to compute the ANOVA tables.
214
Principal component analysis (PCA) was used to investigate the multivariate hyperspectral 215 response over the different scanning intervals for barley and wheat data separately. The first two 216 principal components accounted for 92% of the variation in both the barley and wheat data.
217
Consequently, for both crops, PCA provides a reasonable summary of the hyperspectral response 218 in two dimensions.
219
Separate PLSR analyses were applied to each of the four scanning intervals to establish quantitative 220 models to predict yellow rust and fusarium head blight infection (Table 1) . This means that for 221 each crop four PLSR analyses were carried out. Before PLSR analysis, data were divided into two sets 222 of 80% (e.g., 43 samples) and 20% (e.g., 11 samples), representing the calibration and prediction data sets (Tables 2 and 3) , respectively. The pre-processed spectra and visual assessments of yellow 224 rust and fusarium head blight of the calibration dataset were subjected to PLSR with leave-one-out 225 full cross-validation to establish calibration models. The performance of these models was 226 evaluated by predicting crop disease using the prediction dataset. Separate models for wheat and 227 barley were developed and evaluated for yellow rust and fusarium head blight. The following models 228 were developed and validated: 229 1) Yellow rust prediction in wheat and barley, estimated as % of disease symptoms spread on the leaves.
230
This was referred to as yellow rust % coverage. 2) Fusarium head blight prediction in wheat and barley, estimated as % of infected ears. This was 232 referred to as fusarium % coverage.
233
For both models, a logit transformation of the % coverage response was applied to ensure Table 4 . The entire pre-processed spectrum was used in both the PCA and 242 PLSR analyses. wavelengths that define spectrum regions containing the most visible variation between the two crops.
249
In Figure 4 , wheat has higher reflectance. This may be due to the particular spectrum selected, as 250 generally the reflectance intensities of wheat and barley were witnessed to be similar. However, it may 251 also be attributed to the larger leaf area of wheat, which reflected more light than barley, which has 252 smaller surface area. Within the visible range of 400-550 nm, there is low reflectance due to larger absorption of the light, attributed to the photosynthetic pigments of the plant leaves, governed by the 254 abundance of chlorophyll, which absorbs most of the light radiation (Gates et al., 1965; Thomas & 255 Gausman, 1977) . Both plant chlorophylls and carotenoids have strong absorption at 480 nm, the 256 waveband associated with blue colour (Hunt et al., 2013) . Another interesting band at 670 nm
257
(associated with red colour band at 680 nm) can be linked with chlorophyll a absorption that also 258 appears at 550 nm (Hunt et al., 2013) . The latter wavelength is designated as the green leaf reflectance reflectance at the green edge (500-570 nm) and red edge (670-750 nm) can be attributed to water 273 stress. However, these slight differences may indicate that water-stress has only slight influence on crop 274 canopy, hence, on the performance of PLSR models in predicting yellow rust and fusarium head blight.
275
The influence of water stress on yellow rust infected crop canopy is more obvious, where the water-276 stressed spectrum is consistently of lower reflectance (higher absorption) than the watered spectrum 277 throughout the entire waveband ( Figure 5b ). This indicates that water stress may have a considerable 278 influence on yellow rust prediction. However, spectra pre-processing e.g., maximum normalization used 279 in this study will eliminate difference in reflectance e.g., due to scattering, as all spectra will be scaled 280 between 0-1. Only a small deviation is observed between fusarium head blight infected spectra 281 ( Figure 5c ), indicating little effect of water stress on fusarium head blight prediction. This is supported 282 by the statistical analysis of the indices discussed below (Table 6 ).
283
A close examination of Figure 5d indicates notable differences in spectra between healthy, yellow rust 284 and fusarium head blight infected crop canopies under watered conditions. The healthy spectrum is of 285 lower reflectance than both infected spectra in the range between 400 to 700 nm. This could be 286 attributed to larger photosynthetic pigments of the plants associated with chlorophyll (Gates et al., 1965; Thomas and Gausman, 1977) . Cibula and Carter (1992) increasing reflectance due to a reduction in light absorption (Lorenzen and Jensen, 1989) . Therefore, 292 the sharpest increase in reflectance from 650 to 700 nm takes place in the healthy spectrum. Figure 6 293 compares between the average spectra of healthy, yellow rust and fusarium head blight infected barley 294 canopy at growth stage 72. The water-stressed canopy spectrum shows more reflection or less 295 absorption than the watered canopy spectrum for the healthy canopy in Figure 6a . This may reflect where the differences between watered and water-stressed are minimal. As for wheat canopy, yellow 304 rust infected canopy has again the highest reflectance, compared to those of fusarium head blight and 305 healthy canopies (Figure 6d ). The % coverages of yellow rust and fusarium head blight is larger in 306 wheat than in barley. In wheat, yellow rust watered canopy have an average infection of 42%, yellow 307 rust water stressed 45%, fusarium watered 83%, fusarium water stressed 86%, whereas in barley, 308 these are 36%, 33%, 48% and 52%, respectively.
309
In order to quantify differences between healthy, yellow rust and fusarium head blight infected spectra 310 two indices were taken into account in this study, namely, standard deviation (SD) of all wavelengths in 311 the 500-650 nm range and squared difference (SQdiff) of 650 and 700 nm ( 
337
Although the largest SQdiff in reflectance between 650 and 700 nm is observed for the healthy canopy
338
(both watered and water-stressed) of wheat, the smallest SD is observed for yellow rust (Table 5 ). For 339 the barley canopy, the largest SD and SQdiff can be observed for fusarium head blight infected 340 canopies, indicating that these proposed two indices respond differently for different crops (Table 5) .
341
Consequently, the two indices adopted in the current work highlight a distinguishable difference 342 between the yellow rust, fusarium head blight and healthy wheat and barley crop canopies. It is 343 important to mention that whilst these indices have worked in establishing a difference between 344 yellow rust, fusarium and a healthy canopy at growth stage 72 in this paper, it may be specific to the 345 method and equipment used. Further work should be undertaken to assess the reliability of such 
Model performance for yellow rust detection
356
The PLSR cross-validation and prediction results for yellow rust detection in are shown in Table 7 .
357
Separate PLSR were carried out for each time intervals of T1, T3, T5 and T7 for barley and T2, T4,
358
T6 and T8 for wheat (Table 1) (Table 7) . As yellow rust is a foliar disease, this reduction in prediction 364 performance for barley may be attributed to the crop having a smaller flag leaf, and due to density of 365 the crop, causing a smaller foliar area to be captured by the hyperspectral imager.
366
When the developed PLSR models where used to predict the yellow rust % coverage of 20% of samples (e.g., those for wheat and barley and between different growing stages), due to the different data range.
371
To compare between the performances of different models, RPD was used in this work, according 372 to the RPD classes proposed in the current work (Table 4 ). The RPD values for prediction of each 373 timing (growth stage), shown in Table 7 , suggest good prediction capability for 6 out of 8 growing 374 stages (RPD ranges of 2.16-2.49 in wheat and 2.18-2.43 in barely), a very good prediction for T4
375
(kernel development, early milk (GS 72) in wheat (RPD = 2.79) and a moderate prediction capability 376 for T5 (kernel development; late milk (GS 77) in Barely (RPD) = 1.83).
377
It is well known in spectral analysis that successful measurement of a concentration, be it soil properties 378 or other, depends on presence of variability of that said concentration. For example, Kuang and 379 Mouazen (2011) reported that although larger R 2 and RPD can be obtained with larger variability in 380 soil analysis, larger RMSEP is to be expected. Furthermore, with a small variability, weak or even no 381 correlation can be established with PLSR, so that no models can be developed. Having said that, we 382 believe that the scale of variability in % coverage of yellow rust is rather small (Tables 2 & 3) (Tables 2 & 3 ). The percentage of disease coverage which is a method discussed by Chiarappa (1981) and defined as "disease severity", is the amount of expressed disease tissue of a plant. This 388 method can be objective, but is definitely not free of subjectivity. In the current study all 389 assessments are made by the same individual, which decreases the between assessment variability due 390 to the subjective nature of the measurement. The more spectral wavelength indices captured and 391 accounted for, the greater understanding of the object (Gilchrist, 2006) . However, for noisy spectra 392 there is a need to minimise noise in the signal, by adopting an optimised measurement configuration 393 (Whetton et al., 2016) and suitable spectra pre-processing. Furthermore, stresses in the field are 394 combined and might include water stress, nitrogen stress, disease stress, and other stresses that are 395 mainly reflected on crop canopy as a yellowing of the leaves. In the current work we have combined 396 water stress and yellow rust infection in the tray experiments, to evaluate the prediction accuracy 397 of the yellow rust models.
398
The results obtained in this study for yellow rust prediction encourage exploring the ultimate goal of 399 the current study, which is on-line measurement of yellow rust in the field using the hyperspectral 400 imager (400 -750 nm). However, additional affecting parameters exist in the field on top of the water 401 stress accounted for in the current study, and these should also be evaluated. Using wheat trays under (Table 7) .
425
The prediction results indicate larger RMSEP values for fusarium head blight (RMSEP = 7.9 -16.1 % 426 for wheat and 10.4 -15.1 % for barley) are calculated than those for yellow rust (RMSEP = 7.2 -8.8 % 427 for wheat and 7.2 -8.1 for barley). However, for RPD, the opposite case is true. According to RPD values, 428 good (for one growing stage) to very good (for three growing stages) predictions are recorded for fusarium 429 in wheat, whereas very good predictions are calculated for the four growing stages in barley (Table 7) . (Tables 2 and 3) .
448
In order to account for the temporal dependence in observations over the different scanning intervals 449 collected at the four growing stages in this study (Table 1) , it was necessary to run a separate PLSR 450 analysis for each growing stage. This has resulted in a rather small number of samples for each PLSR 451 analysis (e.g., 43 and 11 for the calibration and prediction sets, respectively). Therefore, it is necessary 452 to consider a larger dataset in the PLSR analysis in a future work, and to explore new methods of data analysis based on machine learning and/or image processing, or adopt a modelling approach that can 454 explicitly account for temporal dependence/repeated measures structure. It is also suggested to adopt a 455 data fusion approach of both spectra and images, which is expected to provide more reliable model 2) The principle component analysis run on canopy spectral data collected on healthy, yellow rust 473 and fusarium infected crops at multiple growth stages, reveal temporal pattern and time serial 474 autocorrelations, which suggested the need for separate PLSR for each growing stage.
475
3) The best PLSR prediction performance for yellow rust in wheat was at the early milk of the 476 kernel development stage, whereas for barley the best performance was at the anthesis and the 477 early milk stages. 4) The best PLSR prediction performance for fusarium was at both the early and late milk of the 479 kernel development stages in both wheat and barley. (---) and fusarium (-). Watered yellow rust had an average infection of 36%, water stressed yellow 650 rust 33%, watered fusarium 48%, and water stressed fusarium 52%. Table 7 : Summary of model prediction performance for yellow rust and fusarium head blight % coverage in wheat and barley in cross-validation and prediction. Results are shown for the determination coefficients (R 2 ), root mean square error of the prediction (RMSEP) and cross validation (RMSECV), and the ratio of prediction deviation (RPD), which is the standard deviation divided by RMSEP
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